Background: Breeding goals in a crossbreeding system should be defined at the commercial crossbred level. However, selection is often performed to improve purebred performance. A genomic selection (GS) model that includes dominance effects can be used to select purebreds for crossbred performance. Optimization of the GS model raises the question of whether marker effects should be estimated from data on the pure lines or crossbreds. Therefore, the first objective of this study was to compare response to selection of crossbreds by simulating a two-way crossbreeding program with either a purebred or a crossbred training population. We assumed a trait of interest that was controlled by loci with additive and dominance effects. Animals were selected on estimated breeding values for crossbred performance. There was no genotype by environment interaction. Linkage phase and strength of linkage disequilibrium between quantitative trait loci (QTL) and single nucleotide polymorphisms (SNPs) can differ between breeds, which causes apparent effects of SNPs to be line-dependent. Thus, our second objective was to compare response to GS based on crossbred phenotypes when the line origin of alleles was taken into account or not in the estimation of breeding values.
Background
Breeding goals in a crossbreeding system should be defined at the commercial crossbred level. However, selection is often optimized to improve animals within pure lines or breeds [1] . Performance of purebred parents can be a poor predictor of the performance of their crossbred descendants in the presence of non-additive gene action or genotype by environment (G × E) interaction. A number of methods have been proposed as alternatives to pure line selection to obtain greater response to selection in crossbreds. These methods can be classified into three groups: reciprocal recurrent selection [2] , combined crossbred and purebred selection (CCPS) [3] [4] [5] and genomic selection (GS) [6, 7] .
Recent studies have shown that GS can be applied to select purebreds for crossbred performance (CP), [6, [8] [9] [10] . Compared to alternative methods such as CCPS, GS can lead to substantially greater response to selection [6, 11] , lower the rate of inbreeding [6, 12] , and does not require systematic collection of pedigree information between crossbreds and purebreds. Moreover, measuring the phenotypes of crossbred animals at each generation of GS may not be necessary, because in theory, predicted SNP effects can be used over a few generations with limited loss in prediction accuracy [13, 14] .
For traits with significant non-additive variance, explicitly including dominance in the GS model may increase response to selection of purebreds for CP. Esfandyari et al. [15] investigated the benefits of GS of purebreds for CP, based on purebred information under two conditions, i.e. a low or high correlation of linkage disequilibrium (LD) phase between the two pure lines. They concluded that a dominance model can be used to increase CP, without using crossbred data. Furthermore, they showed that, if the correlation of LD phase between both pure lines is high, accuracy of selection can be increased by combining both pure lines into a single reference population to predict marker effects.
Accepting that GS is an appropriate tool to select animals for CP raises another question i.e. should marker effects be predicted from pure line or crossbred data. On the one hand, if training is carried out on pure lines for traits with significant non-additive variance and therefore potential heterosis, the purebred performance is not a good predictor of crossbred performance. On the other hand, if training is done on crossbreds, it is necessary to record genotype and phenotype data on crossbreds, which can substantially increase the required investment in the breeding program, since crossbred animals are usually not individually identified and individual performances are not recorded. Furthermore, SNP effects in crossbred animals may be specific to the parental line origin, because the extent of LD between SNPs and QTL can differ between the pure lines. Moreover, LD may not be restricted to markers that are tightly linked to the QTL [6] . Nevertheless, training on crossbred data for GS accounts for genetic differences between purebred and crossbred animals and potential genotype by environment effects, and we expect that it can be beneficial to improve crossbred performance.
Previous studies on the implementation of GS in crossbreeding programs focused either on crossbred [8, 9] or purebred [15] data for prediction of marker effects, without explicitly comparing responses to selection obtained with both methods. For example, Zeng et al. [9] compared additive and dominance models for GS of purebred animals for CP by training only on crossbred animals. Therefore, the first objective of our study was to compare response to selection of crossbreds by simulating a two-way crossbreeding program with either a purebred or crossbred training population under a dominance model. In addition, in the dominance model previously proposed by Zeng et al. [9] for the application of GS in crossbreeding programs, alternate heterozygotes (based on breed origin) were assumed to have the same effect. Thus, the second objective of our study was to compare the benefits of GS of purebreds for CP using a crossbred training population when breed origin of alleles was either accounted for or not in the calculation of breeding values. In other words, this study includes models in which alternate heterozygotes can have different effects.
Methods

Scenarios
Response to selection in crossbreds was examined in six different scenarios (Table 1) . For all scenarios, breed A acted as sire breed and breed B acted as dam breed. Scenarios differed in the structure of the training population. In Scenario 1, both lines A and B had their own purebred training population (separate). In Scenario 2, animals from both breeds A and B were combined into a single purebred training population (combined). In Scenario 3 and 4, crossbred animals had phenotypes but no genotypes, thus the phenotypes of crossbred animals were linked to the genotypes of the purebred animals to predict marker effects, assuming that pedigree information for both purebred and crossbred animals was available. The difference between Scenarios 3 and 4 was that, for Scenario 3, alleles of heterozygous individuals were not traced back to the purebred line of origin, and thus alternate heterozygotes (i.e. genotype Aa or aA) were considered as identical, whereas for Scenario 4, they could be distinguished. For Scenarios 5 and 6, the training population consisted of crossbred animals with both phenotypes Table 1 Simulated scenarios "Separate" means that training was done separately for each pure line; "Combined" means that training was done on a combination of purebred lines A and B; "Crossbred (P1)" means that training was done on crossbred animals with phenotypes and genotype probabilities and it was assumed that the alternate heterozygotes were identical in crossbred animals. "Crossbred (P2)" means that training was done on crossbred animals with phenotypes and genotype probabilities and it was assumed that the alternate heterozygotes could be distinguished in crossbred animals. "Crossbred (PG1)" means that training was done on crossbred animals with phenotypes and genotypes and it was assumed that the alternate heterozygotes were identical in crossbred animals. "Crossbred (PG2)" means that training was done on crossbred animals with phenotypes and genotypes and it was assumed that the alternate heterozygotes could be distinguished in crossbred animals
Training population structure and genotypes and, as for Scenarios 3 and 4, alternate heterozygotes were considered as identical in Scenario 5 but could be distinguished in Scenario 6. In the six scenarios presented in Table 1 , breeds A and B shared a common ancestor 300 generations back, which means that each breed had 300 generations of independent breeding. In order to evaluate the impact of relatedness between both pure lines (measured as the number of generations since they separated) and of the size of crossbred training population on response to selection, additional scenarios were simulated for Scenarios 5 and 6 only in which: (1) the number of generations to the most recent common ancestor between breeds A and B varied as follows 1, 50, 100, 200 or 400 generations and (2) the size of the training population varied with 500, 2000 or 8000 randomly selected individuals. All simulated scenarios were replicated 50 times.
Population structure
The QMSim software [16] was used to simulate a historical population of 2000 generations with a constant size of 2000 individuals for 1000 generations, followed by a gradual decrease in population size from 2000 to 1000 to create initial LD (Fig. 1) . The number of individuals of each sex was equal and mating was performed by randomly drawing the parents of an animal from the animals of the previous generation (step 1). To simulate the two purebred recent populations (referred to as breeds A and B, hereafter), two random samples of 100 animals were drawn from the last generation of the historical population and, within each sample, animals were randomly mated for another 300 generations (step 2); 300 generations of random mating for breed formation may seem unrealistic but this was done to simulate two distantly related breeds. In step 3, in order to expand breeds A and B, eight generations were simulated with five offspring per dam. Random mating within each breed was also assumed and no selection was considered in this step.
Since we considered two types of training populations; crossbred and purebred, 400 males and 400 females were selected randomly from generation 7 of step 3 and were randomly mated to produce crossbred offspring, of which 2000 randomly selected animals served as the crossbred training population. Within each pure breed, 1000 randomly selected animals from generation 8 of step 3 were used as the purebred training population for prediction of additive and dominance effects. In subsequent generations (step 4), a two-way crossbreeding program with five generations of selection was simulated. There was no updating of predicted marker effects. The goal was to improve CP through selection in both parental breeds and the selection criterion in both purebred lines was based on genomic estimated breeding values for crossbred performance (GEBVC). The phenotypic mean of crossbreds was computed for each generation of selection (AB 1 to AB 5 ) to evaluate the realized cumulative response to selection.
Genome and trait phenotypes
A genome consisting of one chromosome of 100 cM with 100 segregating QTL and 1000 SNPs was simulated ( Table 2 ). This small genome size was chosen to limit computing time. In addition, since our objective was to compare CP between simulated scenarios, the absolute level of response to selection and accuracy were not of primary interest. Both QTL and SNPs were randomly distributed over the chromosome. To obtain the required number of segregating loci after 2000 generations, about two to three times as many bi-allelic loci were simulated by sampling initial allele frequencies from a uniform distribution and applying a recurrent mutation rate of 2.5 × 10 . Mutation rates of loci were determined on the basis of the number of polymorphic loci in generation 2000 of the preliminary analysis that were necessary to obtain 1000 polymorphic SNPs and 100 QTL. SNPs and QTL were distinct loci and were randomly drawn from segregating loci, with a minor allele frequency (MAF) higher than 0.05, in generation 2000. It should be noted that this MAF criterion refers to the common ancestral population 300 generations back and thus, lower MAF can occur in the reference population.
The additive effect (a) of a QTL, defined as half the difference in genotypic value between alternate homozygotes, was sampled from a gamma distribution (0.4, 1.66). Dominance effects (d) were defined as the deviation of the genotypic value of the heterozygote from the mean of the genotypic values of the two homozygotes. Similar to Wellmann and Bennewitz [17, 18] , first, dominance degrees at the i th QTL (h i ) were sampled from a normal distribution, N (0.5, 0.1), and then dominance effects were calculated as d i = h i .|a i |, where |a i | is the absolute value of the additive effect for each QTL. Thus, the absolute magnitudes of additive and dominance effects were not independent, i.e. loci with large additive effects were also more likely to have large dominance effects. Moreover, since the average h was greater than zero, the average dominance effect was greater than zero, indicating directional dominance. The additive and dominance effects were scaled for each replicate of each scenario to reach additive and dominance variances of 0.3 and 0.1, respectively. After scaling, about 12 % of the loci showed overdominance. Furthermore, additive and dominance effects of QTL alleles were assumed to be the same in both breeds. In other words, G × E interactions and epistasis were not simulated. The phenotypes of the trait were simulated by adding a standard normal residual effect to the genotypic value of each animal. The variance of the residual effects was chosen such that broad sense heritability H 2 of the trait was equal to 0.4. As a result, phenotypic variance (σ 2 p ), narrow sense heritability h 2 and dominance variance were equal to 1, 0.3 and 0.1, respectively.
Prediction of marker effects
The Bayesian ridge regression was used to predict marker effects. We used the BGLR "Bayesian general linear regression" R package developed by Perez and de los Campos [19] and its built-in default rules to set values where y i is the phenotypic value of individual i in the training data. For Scenarios 1, 2 and 5, X ..ij is an indicator variable of the genotype of individual i at SNP j, with X AA ij = 1 when individual i is AA and X AA ij = 0 otherwise. Similarly, X Aa ij = 1 when individual i is Aa and X Aa ij = 0 otherwise, and with X aa ij = 1 when individual i is aa and X aa ij = 0 otherwise. g 1j , g 2j and g 3j are the random unknown genotype effects for marker j, and e i is the residual effect for animal i. The Σ denotes summation over all SNPs j.
For Scenario 3, animals in the training population had phenotypes but no genotypes. Therefore, in this scenario, X ..ij were genotype probabilities based on the genotypes of parents, rather than indicator variables. To calculate the three genotype probabilities P(AA), P(Aa), and P(aa) for a bi-allelic SNP with two alleles, A and a, for animal i, we considered the genotyped sire and dam of the animal. For any genotyped parent, the probability to transmit allele A is P(A) = 1 for the homozygous state (AA), P(A) = 0.5 for the heterozygous state (Aa and aA), and P(A) = 0 for the alternative homozygous state (aa). The probability to transmit allele a is P(a) = 1 − P(A). Thus, based on the genotypes of the parents, the values of X were equal to 0, 0.25, 0.5 or 1. For example, if both the sire and dam of animal i were heterozygous (Aa or aA), then the probabilities of observing genotypes AA, Aa and aa in the offspring were equal to 0.25, 0.5 and 0.25, respectively.
(b) The second model was used for Scenarios 4 and 6, for which alternate heterozygotes Aa and aA could be distinguished, and was as follows:
For Scenario 6, X-elements are the same as for Scenarios 1, 2 and 5. However, since, in this model, alternate heterozygotes Aa and aA could be distinguished in crossbreds, X Aa ij = 1 when individual i is Aa and X Aa ij = 0 otherwise, while X aA ij = 1 when individual i is aA and X aA ij = 0 otherwise.
For Scenario 4, animals used for training had phenotypes but no genotypes and thus,X ij were genotype probabilities based on the genotypes of parents, rather than indicator variables. Since in this model, alternate heterozygotes Aa and aA could be distinguished in crossbreds, four genotype probabilities P(AA), P(Aa), P(aA), and P(aa) were considered. For example, if the sire and dam of animal i were both heterozygous (Aa) at marker j, the probabilities of observing any of the genotypes AA, Aa, aA and aa in a crossbred offspring were all equal to 0.25.
True and genomic estimated breeding values
The true breeding value for crossbred performance (TBVC) for each animal was calculated as the expected genotypic value in the offspring of a parent carrying a certain QTL-genotype, when this parent was randomly mated to an individual of the other pure line. For crossbred offspring, the expected genotype frequencies of the offspring of a parent depend on the allele frequencies in the other pure line (denoted ŕ here). Thus, for animal i from breed r, the true breeding value for CP was calculated as:
where X AA ij , X Aa&aA ij and X aa ij are indicator variables of the genotype at the jth QTL of the ith purebred individual. Thus, X AA ij = 1 when the genotype is AA and zero otherwise, X Aa&aA ij = 1 when the genotype is Aa or aA and 0 otherwise and X aa ij = 1 when the genotype is aa and 0 otherwise. Moreover, p jr ′ and q jr ′ are the allelic frequencies (A and a) for the j th QTL in breed r ′ . and a j and d j are true additive and dominance effects at the jth QTL. For example, for a parent with genotype AA at locus j,
(1) [20] for CP, which would yield identical results. Genomic estimated breeding values were calculated in the same way except that SNP genotypes rather than QTL genotypes, and predicted genotypic effects were used. Thus, for Scenarios 1, 2, 3 and 5, genomic predicted breeding values for crossbred performance (GEBVC) for animal i from breed r was calculated as:
where, ĝ 1j , ĝ 2j and ĝ 3j are predicted genotypic effects for SNP genotypes AA, Aa and aA, and aa, respectively.
In Scenarios 4 and 6, for which alternate heterozygotes Aa and aA could be distinguished, GEBVC for animal i from breed r was calculated as:
where ĝ 1j ,ĝ 2j ,ĝ 3j andĝ 4j are predicted genotypic values of AA, Aa, aA and aa genotypes at the jth marker, respectively.
Correlation of LD phase between breeds A and B
Correlation of LD phase between breeds A and B was estimated to evaluate the degree of relatedness between the two simulated breeds. To estimate persistence of LD phase between two lines, only the segregating SNPs with a MAF greater than 0 in both breeds were included in the analysis. Persistence of LD phase was estimated following Badke et al. [21] as follows:
where R A,B is the correlation of phase between r ij(A) in breed A and r ij(B) in breed B, r ij is the correlation coefficient as a measure of LD for each pair of SNPs, sd(A) and (2) 
Results
Purebred-crossbred genetic correlation
The genetic correlation between TBVP and TBVC, which is known as the purebred-crossbred genetic correlation (r pc , Wei and van der Werf [22] ) was on average equal to 0.78 ± 0.02. Since G × E interaction was not included in the simulations, the deviation of r pc from 1 was purely due to dominance effects and differences in allele frequencies between the two purebred lines.
Response to selection in crossbreds
The increase in phenotypic mean of crossbred animals was measured over four generations of selection in the six simulated scenarios for which breeds A and B had diverged 300 generations back (Fig. 2) . Ranking of scenarios in terms of phenotypic mean of crossbreds showed that training on crossbreds (Scenarios 3, 4, 5 Fig. 2 Phenotypic mean of crossbred animals. Scenario 1 separate training in both breeds A and B. Scenario 2 training on a combined set of animals from both breeds A and B. Scenario 3 training on crossbred animals with phenotypes and genotype probabilities and it was assumed that the alternate heterozygotes Aa and aA were identical in crossbred animals. Scenario 4 training on crossbred animals with phenotypes and genotype probabilities and it was assumed that the alternate heterozygotes could be distinguished in crossbred animals. Scenario 5 training on crossbred animals with phenotypes and genotypes and it was assumed that the alternate heterozygotes were identical in crossbred animals. Scenario 6 training on crossbred animals with phenotypes and genotypes and it was assumed that the alternate heterozygotes could be distinguished in crossbred animals; standard errors of phenotypic means ranged from 0.02 to 0.03 and 6) resulted in greater response to selection than training on the pure lines separately (Scenario 1) or on the pure lines combined (Scenario 2), although selection was based on GEBVC in all cases and no G × E interaction was included. Response to selection was greater when training was on crossbred animals for which both phenotypes and genotypes were available (Scenarios 5 and 6) than when training was on crossbreds for which only phenotypes were available and genotype probabilities based on their parents' genotypes were used (Scenarios 3 and 4). In addition, when alternate heterozygotes Aa and aA could be distinguished in crossbred animals (Scenario 6), response to selection was greater than when they could not be distinguished (Scenario 5). Similarly, response to selection was greater when training was on genotype probabilities of crossbred animals for which alternate heterozygotes Aa and aA could be distinguished (Scenario 4) than when they were pooled together (Scenario 3). The phenotypic mean of crossbreds increased when breeds A and B had separate training populations (Scenario 1) compared to when a common training population consisting of animals from both breeds A and B was used (Scenario 2). Finally, the difference in the amount of response to selection in the first generation compared to that in the subsequent generations is due to marker effects being estimated in the base generation only and to using these estimates to calculate the GEBVC in all subsequent generations. Thus, there was no retraining in each generation and GEBVC accuracy decreased over generations of selection, which caused a decline in genetic gain.
Response to selection in purebreds
CP can be written as CP = BA + H, where BA denotes the breed average of pure lines and H the heterosis present in crossbreds [20] . Thus, the observed superiority of some scenarios may be due to a greater response in BA or in H, or in both. The cumulative response to selection averaged over breeds A and B for four generations of selection is in Table 3 . Contrary to what was observed for response to selection for CP, response to selection within pure lines was greater when training was on pure lines although selection was based on GEBVC in all scenarios. Response to selection was greatest for Scenario 1 and smallest for Scenarios 3 and 4 with training on crossbred animals and using their genotype probabilities. However, when training was on phenotypes and genotypes of crossbreds (Scenarios 5 and 6), response to selection within pure lines was almost comparable to that for scenarios with training on pure lines. Similar to response for CP, response to selection within pure lines was greater when the alternate heterozygotes Aa and aA could be distinguished, i.e. Scenario 4 performed better than Scenario 3 and Scenario 6 performed better than Scenario 5.
Heterosis in crossbreds
Heterosis refers to the superior performance of crossbred animals compared to the average performance of its purebred parents. Figure 3 shows the amount of heterosis over generations for the simulated scenarios. Total heterosis was calculated as the sum of heterosis at each locus based on H = d l (p A,l − p B,l ) 2 , where d l is the dominance effect at QTL l, p A,l is the allele frequency at QTL l in breed A, and p B,l is the allele frequency at QTL l in breed B [20] . In all scenarios, the amount of heterosis increased over generations, however, the rate of increase differed among scenarios. The amount of heterosis in Scenarios 1 and 2 increased a little from generation 1 to 5, whereas it increased much more sharply in the other scenarios in which training was on crossbreds. Since heterosis depends on the differences in allele frequencies between two breeds, this increase suggests that training on crossbreds together with selection for CP result in diverging allele frequencies between the two breeds. This could be caused by allele frequencies moving in different directions in both breeds or by selection acting on different loci in the two breeds.
Correlation of LD phase between breeds A and B
We estimated the correlation of LD phase between breeds A and B for the scenarios in which time of breed divergence (1, 50, 100, 200, 300 and 400 generations back) varied. In these scenarios, the correlation of LD phase for SNPs with a pairwise distance of 1 cM decreased as the number of generations since separation increased, i.e.
Table 3 Mean phenotypic average of pure lines
Scenario 1: separate training in both breeds A and B; Scenario 2: training on a combined set of animals from both breeds A and B; Scenario 3: training on crossbred animals with phenotypes and genotype probabilities and it was assumed that the alternate heterozygotes Aa and aA were identical in crossbred animals; Scenario 4: training on crossbred animals with phenotypes and genotype probabilities and it was assumed that the alternate heterozygotes could be distinguished in crossbred animals. Scenario 5: training on crossbred animals with phenotypes and genotypes and it was assumed that the alternate heterozygotes were identical in crossbred animals. Scenario 6: training on crossbred animals with phenotypes and genotypes and it was assumed that the alternate heterozygotes could be distinguished in crossbred animals; standard errors of phenotypic means for simulated scenarios in generation 5 ranged from 0.03 to 0.04
G1
G2 G3 G4 G5 Table 4 shows the effect of being able to distinguish between alternate heterozygotes Aa and aA by comparing Scenarios 5 and 6, for different times since breeds A and B diverged. Time since divergence affected the relative ranking of Scenarios 5 and 6: when the two breeds were closely related (i.e. 1, 50 and 100 generations of separation), response to selection for CP was greater for Scenario 5 than for Scenario 6, when time since divergence increased to 200 generations, response to selection was almost the same for both scenarios and when time since divergence increased to 300 and 400 generations, response to selection was greater for Scenario 6 than for Scenario 5. Thus, these results showed that being able to distinguish between alternate heterozygotes Aa and aA (Scenario 6) increases response to selection when breeds have diverged a long time ago. Figure 4 shows the cumulative response to selection in Scenarios 5 and 6 for varying sizes of the training population. To evaluate the impact of training population size on the relative ranking of Scenarios 5 and 6, 200 generations of divergence between breeds A and B were considered, since response to selection for these two scenarios was almost the same for this time since divergence and a training population size of 2000. As expected, response to selection with both scenarios increased as the size of the training population increased. However, the relative ranking of Scenarios 5 and 6 changed as the size of training population increased. If the size of the training population was 500, response to selection was greater for Scenario 5 than for Scenario 6, but with a 4-and 16-fold increase, response to selection was greater for Scenario 6 than for Scenario 5. Thus, these results showed that being able to distinguish between alternate heterozygotes Aa and aA was beneficial when the training population was large.
Effect of being able to distinguish between alternate heterozygotes
Effect of the training population size on the response to selection
Discussion
We investigated response to selection in crossbred performance in a two-way crossbreeding system of two related breeds for five generations. To estimate SNP effects, training was either on pure lines or crossbred animals, animals were selected on GEBVC, and there was no G × E interaction. Thus, the deviation of the purebred-crossbred genetic correlation (r pc ) from 1 originated purely from dominance effects and differences in allele frequencies between the two purebred lines. We also investigated the effect of being able to distinguish between alternate heterozygotes Aa and aA in crossbred animals.
Training on crossbred animals vs pure lines
A general finding of our study was that training on crossbred animals led to greater phenotypic response in crossbred animals compared to training on purebred lines. To identify the potential reasons for the superiority of training on crossbred animals, we partitioned the estimated breeding values (EBV) of animals in the pure lines into components due to additive and dominance effects (see Esfandyari et al. [15] for partitioning of breeding values). We found that, by training on crossbred animals, we could predict dominance effects and consequently breeding values of the animals in pure lines more accurately. Accuracy of EBV due to dominance effects when training was on crossbred animals was on average equal to 0.24, whereas when training was on pure lines, it was equal to 0.16 (see Additional file 1). This indicates that a higher prediction accuracy of dominance effects by training on crossbred animals is associated with a higher level of heterozygosity in the crossbred animals. Observed heterozygosity in the crossbred training population was 0.49 on average, which was higher than that found for the pure lines, i.e. 0.33 and 0.34 on average for breeds A and B, respectively. Logically, dominance effects can be predicted more accurately when the level of heterozygosity is higher. In this study, we did not simulate environmental differences for purebred and crossbred animals. However, in practice, environments in which purebreds and crossbreds are kept are often different. Thus, selection of purebreds to improve crossbred performance in a commercial environment involves not only the r pc caused by nonadditive genetic effects, but also a possible G × E interaction [7] . For instance, for a r pc of 0.8 due to dominance effects, it might be possible to reach the maximum accuracy (i.e. 1) by using an infinite amount of information on purebred animals under a dominance model. However, for a r pc of 0.8 only due to G × E interactions, the maximum achievable accuracy by using purebred information is 0.8. Thus, the mechanism that results in r pc less than 1 has an impact on response to selection under a dominance model. Nonetheless, by using crossbred data, it might be possible to reach maximum accuracy as well. Thus, a loss in genetic gain should be expected in the presence of G × E interactions compared to no G × E interactions. In other words, if a r pc less than 1 was partly due to G × E interactions, training on crossbred animals would be even more beneficial than the results show in this study.
Although training on crossbred animals led to greater response to selection in crossbreds, it requires the collection of data at the crossbred level. Since commercial crossbred animals are usually not individually identified and individual performances are not recorded, it might be difficult and expensive to collect phenotype and genotype data on crossbred individuals, whereas most breeding programs have routine phenotyping and genotyping of nucleus animals in the pure lines. If genotyping but not phenotyping of crossbred animals is a limiting factor, one could do training on crossbred animals with phenotypes and use genotype probabilities based on the genotypes of their purebred parents (Scenarios 3 and 4 in our simulation). With this strategy, it is possible to gain some of the benefits of crossbred training without genotyping crossbred animals (see Fig. 2 ). However, this strategy does require pedigree identification of crossbreds.
Distinguishing between heterozygotes in crossbred animals
Our results showed that being able to distinguish between alternate heterozygotes Aa and aA in crossbred animals and to predict two distinct genetic values for these genotypes will lead to greater response to selection in crossbreds when the two purebred lines are distantly related. The reasons for this superiority are both differences in SNP and QTL frequencies between the two lines as well as differences in the amount and extent of LD between SNPs and QTL between the lines. Any difference in QTL and SNP frequencies and in LD between the pure lines can result in the two alternate heterozygotes at a SNP having different probabilities for a heterozygous QTL in the crossbreds. These differences suggest that one should distinguish between the two alternate heterozygotes in the crossbred when a dominance model is used for crossbred training.
Due to the genetic differences among the pure lines, we expected that being able to distinguish between alternate heterozygotes when training on crossbreds would always perform better. However, we found that this superiority was associated with two other factors; time since divergence of the two lines and number of records used in the training. The results showed that being able to distinguish between alternate heterozygotes was favourable only for distantly related lines (Table 4 ). In fact, in distantly related lines, the chance that recombination breaks down the shared ancestral haplotypes (and even reverses the LD phase) across the populations is greater. Hence, reverse LD phase between SNPs and QTL between the two lines for distantly related breeds can cause the two alternate heterozygotes at a SNP to have different QTL alleles in the crossbreds. Apparently, by predicting two genetic effects for alternate heterozygote genotypes, this difference in LD phase was captured and resulted in greater response to selection when pure lines were distantly related.
In our simulations, the number of records used in the training population also contributed to the observed differences in response for Scenarios 5 and 6. We found that with a small number of records used in the training data, response to selection was greater in Scenario 5 than in Scenario 6 (Fig. 4) . This is probably due to the difference in number of effects that need to be predicted in the two scenarios. For Scenario 6, where alternate heterozygotes could be distinguished, four genotypic effects had to be predicted, whereas for Scenario 5 only three genotypic effects had to be predicted. Hence, because the number of effects to be predicted in Scenario 6 was greater, it was at a disadvantage over Scenario 5 with a small number of records. However, this disadvantage disappears as the training population size increases. In other words, as the number of records used for training increases, more information becomes available to predict the effects of SNPs and, given the sufficient number of records for training, differences in SNP effects between lines render Scenario 6 more advantageous. This result agrees with those of Ibanez-Escriche et al. [8] , who showed that breed-specific allele substitution effects (BSAM) will have an advantage over across-breed allele substition effects, provided sufficient information is available for estimating the additional breed-specific effects.
Finally, it should be mentioned that a prerequisite for distinguishing between alternate heterozygotes in our study and for the implementation of BSAM in IbanezEscriche et al. [8] is that the purebred origin of SNP alleles in crossbreds is known, which may not be easily obtained for real data. Nevertheless, given the very high SNP density, it may be possible to trace alleles to ancestors accurately [23] . In a recent study, Bastiaansen et al. [24] suggested a method to determine breed origin of alleles in crossbreds using long-range phasing without the need for tracking pedigree relationships of crossbreds. Based on this method, it is not even necessary to have close relationships between the crossbred and genotyped purebred animals since long-range phasing will work even with distant purebred relatives of the crossbreds [24] . Hence, tools are available to distinguish between alternate heterozygotes, and also to take advantage of the associated benefits in practical situations.
Simulation model
For reasons of computation time, simulation studies usually use a genome size which is smaller than that of most livestock species [25] . In our simulations, we used a genome with one chromosome 100 cM long. By assuming a phenotypic variance of 1, QTL on this chromosome result in an additive variance of 0.3. However, in real livestock genomes (e.g., a genome of 30 M for cattle), QTL on a chromosome of this length would cause an additive variance of only ~0.01. One consequence is that the sizes of the QTL effects in our simulation are substantially larger than those of real QTL, which means that the effects of simulated QTL were predicted more accurately than what may be possible with a real dataset. Daetwyler et al. [26] and Goddard [27] predicted that the accuracy of genomic selection depends on the parameter ρ 2 = Th 2 ML , where h 2 is the heritability of the trait, T is the number of records in the training data, M is the effective number of loci per Morgan (2Ne), and L is the genome size in Morgan. This relationship predicts that accuracy will be the same for all cases where ρ 2 is the same. So, under optimal conditions, a genome of 30 chromosomes of 1 M each requires 30 times as many training records to achieve the same accuracy as a genome with 1 chromosome 1 M long.
We did not check whether the number and effect of QTL or the density of SNPs affected the relative ranking of Scenarios 5 and 6. However, most probably by increasing the genome size and keeping all other parameters constant (i.e. SNP density, training population size and values of variance components), Scenario 6 would be at a disadvantage over Scenario 5 due to the greater number of effects that need to be predicted. This suggests that the benefit of being able to distinguish between alternate heterozygotes is expected to decrease as the genetic architecture becomes more polygenic. In addition, SNP density may affect the difference between Scenarios 5 and 6 as well. As SNP density increases, the model will include SNPs that are closer to the QTL. In a finite population, SNP alleles that are closer to the QTL will more accurately reflect the state of the QTL alleles [8] . Thus, as the SNP density increases, the need for distinguishing between alternate heterozygotes may be reduced.
Besides the small genome size that may cause overestimation of the accuracy of GEBV in our simulation, additive effects were sampled from a gamma distribution, which results in some QTL with a large effect that may account for a substantial part of the additive variance. Hence, genomic breeding values may be predicted more accurately than for a purely polygenic trait. In addition, in real populations, QTL effects may be line-dependent due to epistatic interactions, which may be negligible if selection is performed within a population but not if effects are estimated simultaneously for several populations. In fact, presence of epistatic interactions among genes may cause the lack of consistency across breeds. In this case, the effect of a particular QTL depends on the allelic frequency of genes it interacts with [28] . Since these frequencies can differ among breeds it results in breed-specific effects. Thus, combining animals from two breeds into a single training population may not be advantageous in the presence of substantial epistasis.
In this study, generation interval was the same for all scenarios with purebred or crossbred training. In other words, randomly selected sires of breed A in generation 2307 were mated to the dams of this breed to produce purebred offspring and also to the dams of breed B to produce crossbred offspring. Training was on randomly selected individuals from these offspring. Thus, scenarios with crossbred training did not require an additional generation compared to purebred training to create the training population.
In our simulations, regardless of whether training was on pure lines or crossbreds, a dominance model based on own performance of the animals was used to estimate the GEBVC for the selection candidates. However, an alternative approach would be to carry out training on pure lines based on the yield deviations of their crossbred progeny and to use an additive model to estimate breeding values. In other words, training can be done on purebred animals with genotypes and the mean phenotypes of their crossbred progeny can be used as response variable. We compared performance of Scenario 1 to such a scenario (referred to as additive scenario, hereafter) where training was on purebred animals, mean performance of crossbred progeny was used as response variable and an additive model was used to estimate GEBV. The size of the reference population for the additive scenario was 1000 within each pure line and each of the animals in the training set had 10 crossbred progeny. Result showed that using crossbred progeny information yielded a greater response to selection than using the animals' own records although in both cases, training was on pure lines (see Additional file 2). Scenario 1 with a dominance model resulted in a smaller breed average response compared to the additive scenario which resulted in a smaller overall crossbred response. The superiority of the additive scenario is due to the increased accuracy of selection in pure lines by using crossbred progeny information. In fact, for Scenario 1, own performance of the animals in the training set was used as response variable, whereas for the additive scenario more information was available by using the mean performance of 10 crossbred progeny.
Conclusions
Genomic selection can be very valuable in crossbreeding programs since it allows efficient selection for crossbred performance. To reach greater response to selection when crossing two distantly related lines, it is better to do training on crossbred animals rather than on pure lines to predict genetic effects. In addition, being able to distinguish between alternate heterozygotes in the crossbred training set by taking into account the breed origin of alleles increases response to selection, except when breeds are closely related and the reference population is small. Finally, our results showed that response to selection in crossbreds was greater when both phenotypes and genotypes were collected on crossbreds, compared to having only phenotypes on the crossbreds and genotypes on their parents.
